Inelastic mechanisms leading to failure in interior reinforced concrete beam-column (RCBC) connections, designed on the concept of strong column-weak beam philosophy, primarily result from failure of the joint region and yielding of longitudinal reinforcement in beams. In this manuscript, two novel easy-to-use probabilistic methodologies have been developed that can determine with sufficient accuracy the occurrence of either of these inelastic mechanisms leading to failure, given the geometric, material and loading parameters of an experimental investigation. One model was developed by using the relevance vector machine method, a machine learning methodology that uses a Bayesian formulation and results in a sparse representation. Another model was binomial logistic regression, which can relate the qualitative event of inelastic mechanism resulting in failure initiation with several experimentally obtained independent parameters. It can also quantify the relative importance of each of these independent parameters. Both methods show good predictive efficiency and can be utilized by a designer, engineer, or researcher to obtain a preliminary probabilistic estimate of inelastic mechanisms that lead to failure of interior RCBC connections. This manuscript also presents comparative evaluations of utilizing these two models.
Introduction
Reinforced concrete beam-column (RCBC) joints are one of the most complex, least studied, and important structural components of a building or bridge structure that is subjected to seismic loading. Experimental investigations have determined that stiffness and strength reduction of a joint component results in stiffness and strength reduction of the structure. Postearthquake reconnaissance (Hall 1994) has also revealed that failure of RCBC components may even lead to catastrophic collapse of the entire structure. Therefore, it is absolutely necessary for engineers designing new connections to identify the failure initiation mechanism and make design changes to prevent a catastrophic failure. It is similarly necessary for engineers who specialize in rehabilitating and/or retrofitting damaged structures to understand the failure initiation mechanism and to take proper steps to retrofit the structure suitably in an already damaged structure.
There are primarily two established inelastic behavioral mechanisms leading to failure within the connection region: (1) failure within the joint (which can either result from the bond of the reinforcement steel with concrete or from shear failure or from a combination of these two mechanisms) and (2) yielding of the beam reinforcing bar adjacent to the joint (Paulay 1989) . Yielding of the column reinforcing bar has not been considered because nearly all structures are built on the concept of "strong columnweak beam." Shear failure and bond failure in beam and columns further away from the joint has also not been considered as a failure mode since it is beyond the scope of this manuscript, which deals with interior connection regions. According to ACI 352R-02 [American Concrete Institute (ACI) 2002], "a connection is the joint plus the columns, beams and slabs adjacent to the joint." A closer inspection reveals that after failure has occurred, it is difficult to identify which inelastic mechanism was primarily responsible for the failure. The two inelastic mechanisms are coupled, and typically one mechanism induces another mechanism of failure. For example, yielding of the beam reinforcing bars adjacent to the joint results in a weaker bond between the reinforcing steel and concrete. This eventually leads to the development of failure within the joint. Therefore, rather than classifying the connections on the basis of the two failure mechanisms of joint failure and beam reinforcement bar yielding, it is perhaps better to classify them on the basis of initiation of these two mechanisms.
The initiation mechanism of these two failure mechanisms can be easily and distinctly identified. The failure initiation process may also determine how the connection region would behave. For example, a connection in which joint failure initiates before beam bar yielding are typically expected to witness a more nonductile method of failure in comparison with a connection in which beam reinforcing bar yields before joint failure initiation.
If the initiation of these failure mechanisms can be properly identified, then univariate or multivariate probabilistic capacity models can be developed. From a design perspective, steps can be taken to prevent failure and to initiate a much favored ductile method of failure (in an overload), rather than a nonductile failure mechanism. Structural codes (ACI 2002; ACI 2005) usually specify rules for better performance of connection regions. These requirements include a minimum volume of transverse reinforcement, a minimum anchorage length for beam longitudinal reinforcement ratio, a minimum column-to-beam flexural strength ratio, and a limit on the joint shear stress demand. However, these rules are far from being complete and do not account for the effect of coupling these parameters and several other parameters that affect joint response. They also do not provide any probabilistic estimate of the failure mechanism. On the basis of recommendations from the structural codes, a designer is unable to make judgments such as what happens if the aspect ratio of the joint or the yield strength of reinforcing bar or the concrete compressive strength continues increasing while all other parameters remain constant in accordance with ACI standards. With current ACI recommendations, a designer is unable to decide if any shift in probabilistic estimate of the failure initiation mechanisms would be associated with changes in the geometric and/or the material parameters in a structural construction.
Research Objective and Methodology
The objective of this unique research is to develop an easy-to-use, yet robust and effective means of predicting the probabilistic failure initiation mechanism of RCBC connections. The methodology is intended to be used by practicing engineers, researchers, and academicians. The process does not require complex computational time-intensive methods that use state-of-art component-based or continuum-based finite element analysis of joints. To accomplish the objective, a data set from the experimental investigation of interior reinforced concrete beam-column connections was assembled and utilized to develop two types of probabilistic models. The models were then compared.
Research Significance
The simple cost-effective proposed model in this research study is a first step in providing practicing engineers the ability to make better decisions in designing new RCBC joints in challenging situations for which ACI recommendations are not explicit. The developed methodologies help a designing engineer to • Determine the probabilistic estimation of the failure initiation mechanism of RCBC connections that are subjected to seismic loads. The outcome of this research is to help a practicing engineer develop probabilistic estimation. No methodology prescribed by ACI exists by which geometric and material parameters can be varied in a simple, cost-effective manner to obtain a probabilistic estimate of the failure initiation of the joint and therefore obtain the desired mechanism of ductile failure. • Provide recommendations for structures designed with highstrength concrete. High-strength concrete with a compressive strength of concrete greater than 8.56 ksi (59 MPa), as a report by ACI Committee 363 (ACI 1997) specifies, has recently been successfully utilized for cast-in-place concrete buildings and high-rise structures. This enables structural designers to design more slender reinforced concrete members (Please provide citation for (Sanada and Maruta 2004) . Research studies by Noguchi and Kashiwazaki (1992) report that smaller column sections with high-strength concrete increase the potential for joint failure before beam yielding. Because ACI recommendations provide no guidelines, the outcome of this research is intended to help practicing engineers who need to make decisions in designing joints for structures with high-strength concrete.
• Provide recommendations for structures designed with highstrength reinforcing steel. High-strength reinforcing steel has also been used in recent constructions to prevent congested detailing of reinforcing bars in slender members. Fujii and Morita (1991) conclude that high-strength reinforcing steel in beams passing through joints prevents flexural yielding of the bars, and therefore may result in the development of joint failure before flexural yielding of longitudinal beam bars. Because ACI recommendations provide no guidelines, the outcome of this research is intended to help practicing engineers who need to make decisions in designing joints for structures with high-strength steel. Apart from the design of new RCBC connections, the proposed research models help design engineers make suitable measures in the repair and retrofitting of damaged joints. Before retrofitting, it is necessary to assess the design parameters that lead to failure initiation and eventual collapse. The current model provides a first step in the quantifying the design parameters that result in the development of inelastic mechanisms leading to the initiation of failure (i.e., strength degradation) in RCBC connections.
With the exception of the previously noted significance to practicing engineers, the research also provides researchers with innovative probabilistic techniques that can be further used to assess different types of failure mechanisms and failure initiations for different structural components that are subjected to different loading conditions.
Experimental Data Set
The data set consists of 110 laboratory tests of two-dimensional interior beam-column joint subassemblages. Twenty research teams from around the world conducted the tests during the last 40 years (Durrani and Wight 1982; Otani et al. 1984; Meinheit and Jirsa 1977; Alire 2002; Lehmann et al. 2004; Park and Ruitong 1988; Noguchi and Kashiwazaki 1992; Oka and Shiohara 1992; Kitayama et al. 1987; Park and Milburn 1983; Endoh et al. 1991; Higashi and Ohwada 1969; Beckingsale 1980; Attaalla and Agbabian 2004; Birss 1978; Teraoka et al. 1997; Hayashi et al. 1994; Teraoka et al. 1994; Zaid 2001; Joh et al. 1991; Fujii and Morita 1991) . The two-dimensional interior beam-column joint subassemblages utilized for the data set are representative of actual building frame structures. Table 1 provides a detailed presentation of the data set and includes material, geometric, and design parameters for each test specimen. The specimens in the data set span a wide range of joint design parameters. The data set is limited to two-dimensional joint subassemblages in which a continuous column intersects a continuous beam. Specimen response is determined by flexural yielding of beams and/or joint failure. Joint subassemblages with slabs, eccentric beams (i.e., the axis of the beam and column are not aligned), or out-of-plane beams were not included in the data set. Test specimens with plain round (i.e., smooth) reinforcing steel bars were not included in the data set. The data set does not include specimens in which the beamhinging effect has been shifted from the beam-column joint interface to a site away from the interface. All specimens were subjected to quasi-static cyclic load distributions in the laboratory. These were that are representative of loads that develop in a frame in an earthquake.
The independent parameters or covariates for developing the model were the aspect ratio of the joint (ASP), defined as ratio of the height of the beam to the width of the column; the total yield strength of the top longitudinal beam reinforcement (ASFYTP), defined as the product of the beam top reinforcement yield stress and the total area of the top beam longitudinal reinforcements; the total yield strength of the bottom longitudinal beam reinforcement PRACTICE PERIODICAL ON STRUCTURAL DESIGN AND CONSTRUCTION © ASCE / AUGUST 2012 / 111 (ASFYBT), defined as the product of beam bottom reinforcement yield stress and the total area of the beam bottom longitudinal reinforcement; the total yield strength of the column reinforcement (CFYAS), defined as the product of column reinforcement yield stress and the total area of the column longitudinal reinforcement; the yield stress of transverse or hoop reinforcement within the joint (HFY); the percentage of transverse or hoop reinforcement within the joint (HREINF); axial load stress (PFC), defined as total axial load on the specimen divided by the cross-sectional area of the column; and the joint shear stress at first yielding of the beam longitudinal reinforcement (TYLD). The TYLD is represented by
where h c = the height of the column; b j = the maximum out-ofplane dimension of the beam or column; h b = the height of the beam; M L and M R are the flexural strengths of the beam on the right and left of the joint and computed in accordance with ACI 318-R05 (ACI 2005); and V c = the lateral load applied to the top of the column at the nominal strength of the beams. The definition of joint shear stress is similar to that recommended by ACI Committee 352 (ACI 2002) with the exception that it (1) employs a slightly larger joint volume, with the result that horizontal and vertical shear stresses are equal and (2) defines demand on the basis of frame member flexural strength, rather than longitudinal steel area, with the result that determining the frame member moments and column shear is consistent. By utilizing the data set in Table 1 , the authors propose probabilistic methods that would determine the probability of inelastic mechanisms leading to failure initiation of RCBC interior connections.
Relevance Vector Machine Methodology
Probabilistic identification of failure initiation mode in a reinforced concrete interior beam-column connection is an example of a classification problem that can be solved by using a recently introduced machine learning methodology. The methodology uses Bayesian formulation of a linear model with an appropriate prior that results in sparse representation and a probabilistic output through Bayesian inference [i.e., relevance vector machine (RVM)]. Tipping (2000 Tipping ( , 2001 introduced the concept of the RVM, which allows computation of the prediction intervals by measuring the uncertainties of the parameters and the data. Tipping (2000) provides details about the RVM methodology. The following paragraph describes the method briefly.
The entire data set in Table 1 is to be divided into training and a testing data set. The training data set (represented by "a" in Table 1) is utilized to develop the model, whereas the model is evaluated by using the testing data set. To develop the model for the previously mentioned classification problem, a set of targets, Y i , represent the occurrence of either Event 0 (defined as beam yielding before joint failure) or Event 1 (defined as joint failure before beam yielding). The input parameters, x i , are the geometric, material, and loading parameters of a particular experimental specimen, as Table 1 shows. A basis function, ΦjðxÞ, represents the input parameters for each experimental specimen test. Therefore, the total number of basis functions is the total number of samples in the training data set. Each basis function is defined as the function of the kernel, K, by Φðx n Þ ¼ ½1; Kðx n ; x 1 Þ; Kðx n ; x 2 Þ; …; Kðx n ; x N Þ ð2Þ
The kernel K, is a Gaussian function with a mean of 0 and a variance of 1. In RVM methodology, usually the set of targets are correlated with a set of input vectors by using the following equation:
where Φ i ðxÞ = the previously defined basis functions and w i = the weight parameters. Gamma priors are introduced to the model weight, w i , which is governed by a set of hyperparameters (i.e., maximum likelihood estimations). One gamma prior is one associated with each weight for which the most probable value is iteratively estimated from the data. To obtain the probabilistic estimates for the binomial classification problem in this manuscript, a statistical convention is followed and the linear model in Eq. (3) is generalized by applying a logistic sigmoid function σfYðxÞg ¼ 1∕ð1 þ 1∕e Y Þ to YðxÞ.
Discussion of Results
In performing the formulation, weight parameters were determined from randomly selected training data set by using the Gaussian kernel. The design value of the width of the Gaussian kernel was chosen by a trial-and-error approach to get the best performance within a range of 0.1 to 10. The input parameters of the model were also normalized within 0 to 1 by the ratio of the difference between the actual value and the minimum value of the data set to the difference between the maximum and minimum value. The performance of the training data set is expressed as a percentage and is the ratio of the number of data predicted accurately by RVM to the total number of data in the training set. The obtained weight parameters are utilized to validate the results in the testing data set. The performance of the testing data set is expressed as a percentage and is the ratio of the number of data predicted accurately by RVM to the total number of data in the testing set. Different combinations of training and the testing data set were analyzed to obtain the best result. Table 2 shows different percentage choices of training and testing and their performances, and the Gaussian kernel widths and the number of relevance vectors. By contrast, Fig. 1 shows the variations of the training and testing performance with different percentage choices for the training and the testing data set. On the basis of observations in Table 2 and Fig. 1 , the difference between training and testing performance is clearly lowest for Model III. Therefore, Model III (training data, 70%; testing data, 30%) gives the best result. The difference between training performance and testing performance is marginal for Model III; therefore, the developed RVM model has the capability to avoid and therefore has good generalization capability. RVM models employ approximately 7 to 57% of the training data as relevance vectors (Model I=18.18%; Model II=21.21%; Model III=7.79%; Model IV=56.81%; and Model V=7.07%). (This is represented by "b" in Table 1 .) The results from the compact, computationally efficient, sparse and simple model consist of weights assigned only to relevance vectors in the training data set (which are shown in Table 1 with "a" and "b"). Table 3 provides these weights. The model also produces smooth functions and probabilistic estimates of specified targets.
Binomial Logistic Regression Model
In a logistic regression model (Hosmer and Lemeshow 2000; Greene 2000) , the likelihood of the occurrence of a discrete qualitative event (Y), is linearly related to several discrete quantitative material and geometric parameters (X) of the specimen, as Eq. (4) shows. Mitra et al. (2011) have described the details of the methodology and the authors of this paper briefly describe it for the sake of completeness. The discrete qualitative event, Y, refers either to joint shear failure before beam yielding (marked by Event 1) or to beam yielding before joint failure (marked by Event 0). It is represented by
The independent covariates, X i , are the geometric, material and loading parameters of an experimental investigations. These covariates are given in Table 1 and discussed in the "Experimental Data Set" section. In Eq. (4), the likelihood of observing a discrete event of brittle joint shear failure is defined by the log of the odds ratio for that event. The odds ratio for Event 1 is the ratio of the probability of the occurrence of Event 1 (P E¼1 ) to the probability of the occurrence of Event 0 (P E¼0 ). Thus,
As Ben-Akiva and Lerman (1985) described, Eq. (5) may be manipulated to define the probability of the occurrence the of Events 1 and 0, respectively, by
The method of maximum likelihood (Greene 2000) , which provides a means of choosing an asymptotically efficient estimator for a set of parameters, is typically used to compute logistic regression parameters, β i . The current model differs from the model by Mitra et al. (2011) in the selection of the independent covariates. The current model utilizes basic geometric and material parameters as independent covariates, whereas the Mitra et al. (2011) model uses demand parameters (which are complex functions of geometric and material parameters) as independent covariates. Therefore, the current model is more user-friendly and developed primarily for use by practicing engineers. Table 4 presents the computed regression parameters, which were obtained from the previously mentioned binomial logit model. By using the definition of Y in Eq. (5), the sign of a regression parameter indicates whether an increase in the associated design parameter increases or decreases the likelihood of joint failure before beam yielding. A positive (negative) regression parameter indicates that increasing the associated design parameter increases (decreases) the likelihood of a joint failure before beam yielding. A negative (positive) regression parameter similarly indicates that increasing the associated design parameter increases (decreases) the likelihood of beam yielding before joint failure. On the basis of the signs of the parameters in Table 4 , an increase in aspect ratio (ASP), column yield strength (CFYAS), and joint shear strength at the yielding of beam longitudinal reinforcements (TYLD) would increase the likelihood of joint shear failure before beam yielding. An increase in the other parameters would increase the likelihood of beam yielding before joint failure or otherwise would decrease the likelihood of joint failure before beam yielding.
Discussion of Results
The magnitude of a regression parameter multiplied by the mean of its corresponding design variables (the "influence factor" column in Table 4 ) indicates the relative importance of the design variables in determining connection failure initiation response. The sign of the influence factor is similar to the sign of the regression parameter. The conclusion is similar to that of the regression parameter.
On the basis of the results in Table 4 , the joint shear strength at yielding of the longitudinal reinforcement bars in the beam (TYLD) is the most influential parameter that determines the likelihood of failure initiation mechanism; by contrast, the least influential parameter is the percentage of transverse reinforcement within the connection region (HREINF).
Predictive Efficiency of the Models
The predictive efficiency of the models are determined by the number of samples they correctly predict and the probability associated with their ability to predict the occurrence of Event 1. Fig. 2 shows the predictive efficiency of the probabilistic models. Fig. 2(a) shows the results from the RVM, whereas Fig. 2(b) shows the results from the binomial logit regression model. In Fig. 2 , specimens from the data set that exhibit beam yielding before joint failure (i.e., Event 0) are plotted as circles and specimens that exhibit joint failure before beam yielding (i.e., Event 1) are plotted as squares. The ordinate of Fig. 2 is the probability of the occurrence of Event 1. If the model were perfect, all specimens exhibiting Event 0 would have a computed probability of occurrence of 0.00 for Event 1, whereas all specimens exhibiting Event 1 would have a computed probability of occurrence of 1.0. The data in Fig. 2 show that neither model is perfect. On the basis of the RVM model plot in Fig. 2 and by using a probability of 50% as indicative of a response, the RVM model correctly predicts joint failure before beam yielding for 96% of the specimens exhibiting the response mode of Event 1 and it correctly predicts beam yielding before joint failure for 91% of specimens exhibiting the response mode of Event 0. The model overall correctly predicts (by 95%) the failure initiation mechanism within the connection. On the other hand, on the basis of the binomial logit plot in Fig. 2 and by using a probability of 50% as indicative of a response, the binomial logit model correctly predicts joint failure before beam yielding for 88% of the specimens exhibiting the response mode of Event 1 and it correctly predicts beam yielding before joint failure for 95% of specimens exhibiting the response mode of Event 0. The model overall correctly predicts (by 93%) the failure initiation mechanism within the connection. The data in Fig. 2 also reveal that the observed data points are much closer to 0 and to 1 for the binomial logit model than for to the RVM model. Therefore, the probability associated with predicting the correct response is much higher in the binomial logit model than in the RVM model. The authors postulate that a different prior utilization in the RVM model may account for similarly high probabilities, as observed in the binomial logit model. A Bayesian-based model does not always give the best prediction, unless the prior is known and defined appropriately.
Model Application by User
The section describes in detail the steps a user needs to perform to evaluate the probability of occurrence of either failure initiation mechanism, given a set of material, geometric, and axial load parameters of a specific interior reinforced concrete beam-column joint. The first step for both models involves computing the independent material, geometric parameters x i (i.e., ASP, HREINF, ASFYTP, ASFYBT, CFYAS, HFY, PFC and TYLD), as discussed in the "Experimental Data Set" section, for a specific interior beam-column connection. The parameters ASP and HREINF are dimensionless. Parameters ASFYTP, ASFYBT, and CFYAS are measured in Newtons or pounds, whereas parameters HFY, PFC, and TYLD are measured in Mpa or psi.
Binomial Logit Regression Model 1. These parameters are used with the logistic regression coefficients, β i in Eq. (5) (obtained from Table 4 ) to determine the probability of the occurrence of either of the inelastic events that lead to failure initiation within an interior connection. If the parameters are specified in pounds and psi, then the following equation can determine Y: 
